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Abstract

Existing Visual Speech Recognition (VSR) sys-
tems commonly rely on left-to-right autoregres-
sive decoding, which can force premature deci-
sions on visually ambiguous tokens before suf-
ficient context is available. We propose DLLM-
VSR, to the best of our knowledge, the first Dif-
fusion Large Language Model (DLLM)-based
VSR framework, formulating transcription as
iterative masked denoising with flexible-order
decoding. With confidence-based unmasking,
DLLM-VSR commits high-confidence posi-
tions early and uses the committed tokens as
bidirectional context to refine ambiguous ones.
To adapt DLLMs to VSR, we introduce a two-
stage masked-denoising training strategy that
separates visual-to-text content alignment from
length modeling. We further observe a per-
formance gap compared with an upper-bound
setting where the ground-truth transcript length
is provided at inference, allowing the model
to focus on transcript content decoding. To
reduce this gap, we develop length-guided can-
didate decoding, which uses video duration to
construct plausible transcript-length hypothe-
ses and reranks the decoded candidates using
length plausibility and decoding confidence.
The proposed method achieves a 19.4% word
error rate on LRS3, establishing state-of-the-art
performance among methods using only LRS3
as labeled training data. The code is available
athttps://bit.ly/DLLM-VSR.

1 Introduction

Visual Speech Recognition (VSR) (Afouras et al.,
2018a; Ma et al., 2023), also known as lip reading,
aims to transcribe spoken utterances into text using
only visual cues from a speaker’s mouth move-
ments. As a visual-only speech interface, VSR
can provide deaf and hard-of-hearing users with
visual access to spoken language and enable silent
communication in situations where audio input is

*Corresponding Author.

(a) AR Decoding
Left-to-right decoding: early errors cannot be revised

Step 1 |

Step 2 |

BACK  0.42 V selected
PACK  0.39
MACK 0.15

Step 3 |

Final | BACK My BAGS FOR THE TRIP X

Later context (e.g., “bags”, “trip”) cannot revise BACK to PACK

(b) Ours
Masked denoising: uncertain tokens are resolved later

Step 1 [M] [M] [M] [M] [M] [M] [M]

0 MM M)

Step 6 I M] BAGS  FOR THE TRIP
MY  BAGS = FOR THE wRP

Later context (e.g., “bags”, “trip”) resolves the ambiguity as PACK

Step 2 [M] [M]

Step 3 M] M] [M] | BAGS = [M] M]

Final |

Figure 1: Conceptual comparison between autoregres-
sive decoding and the proposed method.

impractical or undesirable. Despite these promis-
ing applications, VSR remains a challenging task
due to the inherent phonetic ambiguity of lip move-
ments. Although spoken English contains approxi-
mately 40 distinct phonemes, these phonemes col-
lapse into only about 10-13 visually distinguish-
able units, commonly referred to as visemes (Cap-
pelletta and Harte, 2012; Bear and Harvey, 2016).
As a result, multiple phonemes may belong to the
same viseme group (e.g., /p/, /b/, and /m/), making
them nearly indistinguishable from visual evidence
alone.

To mitigate this ambiguity, recent VSR systems
have improved through advances in both visual
encoders and text decoders. On the encoder side,
attention-based Transformer architectures have en-
abled long-range temporal modeling of lip move-
ment sequences, while self-supervised pretrain-
ing has improved visual speech representations
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by leveraging large-scale unlabeled audio-visual
data (Shi et al., 2022; Haliassos et al., 2023). On the
decoder side, autoregressive decoders have become
a common choice, generating transcripts token by
token in a fixed left-to-right order (Afouras et al.,
2018a; Ma et al., 2023). More recently, Large Lan-
guage Model (LLM)-based decoders (Grattafiori
et al., 2024; Yang et al., 2025a) have further im-
proved performance by injecting stronger linguistic
priors into the decoding process (Yeo et al., 2024a;
Cappellazzo et al., 2025).

However, despite these gains, current LLM-
based VSR systems remain constrained by the
fixed left-to-right token generation order of autore-
gressive decoding. While suitable for sequential
transcription, this rigid order can be suboptimal
for VSR, where visual evidence is highly uneven
across output positions. Due to viseme ambigu-
ity and weak visual cues, some tokens may re-
main highly uncertain, whereas others can be pre-
dicted with relatively high confidence from visual
evidence or contextual constraints. Consequently,
strict left-to-right generation can force the model to
commit to ambiguous early positions before easier,
high-confidence positions become available as con-
textual anchors. This motivates a strategy that first
commits high-confidence positions and progres-
sively uses the committed tokens to disambiguate
uncertain ones, as illustrated in Figure 1.

In this paper, we propose DLLM-VSR, the first
Diffusion Large Language Model (DLLM)-based
framework for VSR to the best of our knowl-
edge. Unlike autoregressive decoders, DLLMs
start from a fixed-length canvas initialized with
mask tokens and iteratively denoise masked posi-
tions into text tokens, enabling flexible-order gen-
eration (Nie et al., 2025; Ye et al., 2025). To de-
termine which positions to unmask and commit at
each iteration, we adopt confidence-based unmask-
ing, a common DLLM decoding strategy that pri-
oritizes high-confidence positions (Yu et al., 2025).
This naturally matches VSR by operationalizing the
high-confidence-first decoding strategy: reliable
positions are unmasked early, and through bidi-
rectional refinement, the committed tokens guide
visually ambiguous positions.

To train the model, a standard DLLM formu-
lation represents each target sequence on a fixed-
length masked canvas with transcript tokens fol-
lowed by an end-of-sequence (EOS) token and
padding (PAD) tokens, enabling variable-length
transcripts to be trained under a unified denoising

objective. A direct instantiation for DLLM-VSR
would therefore supervise transcript positions with
text tokens and positions beyond EOS with PAD
tokens. However, this can lead to padding-heavy su-
pervision, as shorter transcripts leave many canvas
positions assigned to padding prediction. Recent
observations suggest that excessive padding loss
can reduce sample efficiency and cause generation
instability in DLLMs (Xie et al., 2025). Inspired by
this observation, we propose a two-stage masked-
denoising training strategy tailored to VSR, which
separates content learning from length modeling:
the first stage predicts only transcript tokens and
the immediately following EOS token, while the
second additionally predicts PAD tokens beyond
EOS for length modeling.

After two-stage training, DLLM-VSR outper-
forms recent LLM-based VSR systems, showing
the effectiveness of the proposed DLLM-based de-
coding framework for VSR. Furthermore, to inves-
tigate its performance upper bound, we evaluate
the proposed method in an oracle setting where the
ground-truth transcript length is given and used to
fix EOS and PAD positions in advance. The sub-
stantial error reduction in this setting indicates that
reducing uncertainty in EOS and PAD placement
could further improve decoding. Motivated by this
observation, we introduce length-guided candidate
decoding, which leverages video duration to con-
struct plausible transcript-length hypotheses, de-
codes candidates for each hypothesis, and selects
the final transcript by reranking them using length
plausibility and decoding confidence. Together, our
training and decoding strategies achieve a 19.4%
word error rate (WER) on LRS3, establishing state-
of-the-art performance among methods using only
LRS3 as labeled training data.

2 Related Work

2.1 Visual Speech Recognition

VSR aims to transcribe silent lip movement videos
into text. Modern VSR systems typically fol-
low an encoder—decoder paradigm, where a vi-
sual encoder extracts visual speech representations
from lip movements and a text decoder converts
them into text tokens. On the encoder side, prior
work has improved representations through visual
front-ends (Stafylakis and Tzimiropoulos, 2017),
Transformer- and Conformer-based temporal mod-
eling (Afouras et al., 2018a; Ma et al., 2021), audio-
guided multimodal self-supervised learning (Shi
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et al., 2022; Haliassos et al., 2023), and data scal-
ing with ASR-generated pseudo labels (Yeo et al.,
2024c; Ma et al., 2023). While these advances
have strengthened encoder-side representations,
this work focuses on the decoding stage, which
remains crucial for resolving visual ambiguity.

Early VSR decoders were built on Connection-
ist Temporal Classification (CTC) (Assael et al.,
2016), which offers efficient non-autoregressive
decoding but relies on a conditional independence
assumption that limits the modeling of dependen-
cies among output tokens. Autoregressive de-
coders (Afouras et al., 2018a) address this lim-
itation by incorporating language modeling into
decoding, where each token is predicted condi-
tioned on visual representations and previously gen-
erated tokens. Recent work has further leveraged
abundant audio and audio-text data to strengthen
decoder-side linguistic priors. Examples include
transferring knowledge from pretrained ASR mod-
els (Zhao et al., 2020; Ren et al., 2021), leveraging
paired audio-text data for decoder pretraining (Kim
et al., 2023; Yeo et al., 2024b), and aligning vi-
sual representations with intermediate representa-
tions of strong speech models such as Whisper (Pra-
jwal et al., 2024). More recently, LLM-based de-
coders (Yeo et al., 2024a; Cappellazzo et al., 2025)
have been introduced to exploit even stronger lin-
guistic priors for resolving visual ambiguity in
VSR. However, most of these approaches still re-
tain the standard left-to-right generation order, de-
spite the highly ambiguous and uneven nature of
visual speech evidence. In line with this decoder-
centric direction, our work improves VSR not by
strengthening linguistic priors alone, but by revisit-
ing the token generation order itself.

2.2 Diffusion Large Language Models

DLLMs have recently attracted increasing attention
for enabling parallel decoding with bidirectional
attention, offering a promising direction for im-
proving LLM inference efficiency. Early scaling
efforts such as LLaDA (Nie et al., 2025) demon-
strated that diffusion-based language modeling can
be trained from scratch at the 8B scale and achieve
performance competitive with strong autoregres-
sive LLMs. Another line of work adapts pretrained
autoregressive LLMs into diffusion language mod-
els, from earlier efforts such as DiffulLLaMA and
DiffuGPT (Gong et al., 2025) to recent models
such as Dream (Ye et al., 2025), which builds on
Qwen2.5 (Yang et al., 2025a) and shows strong per-

formance on general language, mathematical rea-
soning, and code generation tasks. More recently,
multimodal DLLMs such as LLaDA-V (You et al.,
2026), LaViDa (Li et al., 2025), and Dimple (Yu
et al., 2025) have extended diffusion-style decoding
to visual inputs through visual instruction tuning or
adaptation from pretrained vision-language models.
These advances suggest that DLLMs are evolving
from text-only generators into general-purpose de-
coders for multimodal conditional generation.

Despite this progress, DLLMs face a fundamen-
tal challenge in variable-length generation due to
their fixed-length canvas. Unlike autoregressive
models, which terminate by emitting an EOS to-
ken, DLLMs must commit to a canvas size be-
fore denoising. A too-short canvas may truncate
the output, whereas an overly long canvas wastes
computation on redundant EOS or padding posi-
tions and can degrade generation quality. Existing
approaches address this issue through three main
directions: training-based length control (Yang
et al., 2025b; Wu et al., 2026), such as Drea-
mOn’s [expand]/[delete] operations; training-free
canvas adaptation based on inference-time sig-
nals (Li et al., 2026; Cheng et al., 2026), such as
DAEDAL’s EOS-confidence criterion; and semi-
autoregressive block-wise decoding, as in Block
Diffusion (Arriola et al., 2025). Our approach fol-
lows the training-free direction, but differs in how
the target length is estimated. Instead of relying
solely on model-internal signals to search for an
adequate canvas size, we exploit a task-specific
property of VSR: transcript length is strongly cor-
related with input video duration.

3 Method

Our model is illustrated in Figure 2. Given a lip
movement video and a masked transcript canvas,
the model generates a transcript by iteratively de-
noising masked positions, where high-confidence
positions are committed and their tokens serve
as textual context for resolving visually ambigu-
ous ones. We first describe the visual-conditioned
DLLM architecture, then introduce our two-stage
masked-denoising training strategy and length-
guided candidate decoding.

3.1 Architecture

Following recent LLM-based VSR systems (Yeo
et al., 2024a; Cappellazzo et al., 2025), we retain
the visual encoder and projection interface but re-
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Figure 2: Overview of DLLM-VSR. (a) Overall architecture with a frozen visual encoder, a length adapter, FC
projection layers, and a LoRA-adapted DLLM decoder. (b) Confidence-based unmasking, where high-confidence
positions are committed first and the committed tokens are used as bidirectional textual context. (c) Two-stage
masked-denoising training for visual-to-text content alignment and length-aware sequence completion. Yellow boxes
indicate masked positions used for the reconstruction loss. (d) Length-guided candidate decoding with multiple
length hypotheses and joint candidate reranking. R denotes the candidate-length search radius, i.e., candidate

lengths are decoded within Kpreq £ R.

place the left-to-right autoregressive decoder with a
DLLM decoder. Given a lip movement video V' =
{f1,..., fn} consisting of N frames, our goal is
to generate the transcript z9 = {x},..., 2K} of
length K. The architecture consists of a pretrained
visual encoder (Shi et al., 2022; Haliassos et al.,
2026), a length adapter, two projection layers that
map visual features into the language embedding
space, and a DLLM decoder conditioned on the
resulting visual speech tokens v.

A DLLM models the transcript on a fixed-length
canvas of 7" token positions, where 71" is chosen to
accommodate the longest training transcript includ-
ing the EOS token. Starting from a fully masked
canvas, the DLLM iteratively predicts token dis-
tributions for all masked positions conditioned on
the visual speech tokens v and the currently un-
masked tokens. Following confidence-based un-
masking (Yu et al., 2025), we commit positions
whose confidence exceeds a fixed threshold, or the
most confident position if none exceeds the thresh-
old. Once a position is committed, its predicted
token is kept fixed and used as bidirectional context
for the remaining masked positions.

To train the DLLM decoder, we follow the

masked diffusion formulation (Nie et al., 2025).
Given a target sequence xg on the canvas, we sam-
ple a masking ratio ¢t ~ U(0,1) and replace se-
lected tokens with the mask token M to obtain x;.
Let M = {i : 2} = M} denote the masked po-
sitions. Conditioned on the visual speech tokens
v and the unmasked tokens in z;, the model re-
constructs the original tokens at masked positions
using the following loss:

L= —~Et 0 % > logpe(ah | v |, (1)
ieM
where 6 denotes the trainable parameters. Our two-
stage strategy below uses the same objective but
differs in the target canvas and the set of positions
included in M.

3.2 Two-Stage Masked-Denoising Training

A straightforward way to train the DLLM decoder
is to apply the diffusion objective directly over the
full canvas containing transcript, EOS, and PAD
tokens. However, when the canvas is much longer
than the transcript, PAD tokens occupy a large frac-
tion of supervised positions and can dominate the
loss. We therefore decompose training into two
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stages: the first learns content prediction using only
transcript and EOS positions, while the second ex-
tends denoising to the full canvas to learn padding
completion beyond EOS. Since the EOS token is
attached directly after the transcript, the first stage
still exposes the model to transcript termination
without requiring it to model a long non-content
suffix.

3.2.1 Stage 1: Visual-to-Text Content
Alignment

In the first stage, we exclude padding positions
and train on the transcript followed by an EOS to-
ken. Given 7g = {z{, ..., z{, EOS}, we sample
a masking ratio t ~ 4/(0, 1) and mask its tokens
to obtain x;, so that M spans only the transcript
tokens and the following EOS token. Training with
Eq. 1 over M encourages visual-to-text content
alignment and transcript termination without being
dominated by padding prediction.

3.2.2 Stage 2: Length-Aware Sequence
Completion

Building on Stage 1, the second stage extends each
sequence to the canvas length 7" by filling positions
after the EOS token with PAD tokens. We then
apply masked reconstruction over the entire can-
vas, so that M spans transcript, EOS, and PAD
positions. Training with Eq. 1 over this full-canvas
M teaches the model to preserve transcript and
EOS prediction while completing the remaining
canvas with PAD tokens, enabling variable-length
generation within a fixed-length canvas.

3.3 Length-Guided Candidate Decoding

A DLLM generates a transcript by denoising a
fixed-length canvas of 1" positions, where the tran-
script occupies a prefix and the remaining posi-
tions are filled with an EOS token and PAD tokens.
Thus, the transcript length K determines the par-
tition between content and non-content positions.
Inferring K implicitly during denoising can be sub-
optimal for VSR: overestimated lengths introduce
spurious content positions, while underestimated
lengths truncate the transcript. We therefore pro-
pose length-guided candidate decoding, which pre-
dicts plausible transcript lengths from the input
video and decodes candidates under multiple length
hypotheses.

Length prediction. We attach a lightweight length
predictor on top of the frozen visual encoder to esti-
mate the transcript length K from the visual feature

sequence. Since the visual features are produced at
a fixed temporal rate, their sequence length reflects
the input video duration and provides a useful cue
for transcript length. The predictor pools the visual
features with a learnable query token and classi-
fies over candidate lengths, yielding P(K | v). It
is trained independently using cross-entropy loss
against the ground-truth transcript length.

Candidate decoding under length hypotheses.
Rather than relying on a single predicted length,
we decode a candidate pool around the top-1 pre-
diction, K = {Kprea — R, ..., Kprea + R}, where
Kpreda = argmaxy P(k | v) and R denotes the
candidate-length search radius. For each k € K,
we initialize the first k£ positions as mask tokens,
pin an EOS token at position k + 1, and fill the
remaining positions with PAD tokens. The pinned
EOS and PAD tokens are kept fixed throughout
decoding, and confidence-based unmasking is ap-
plied only to the first k& transcript positions. For
efficiency, we batch the candidates corresponding
to all £ € K and perform denoising in parallel. De-
coding each length hypothesis yields a candidate
transcript, together with the token confidence val-
ues and the number of denoising iterations required
for completion, which are used for joint reranking.

Joint reranking. We select the final transcript by
reranking candidates with the following joint score:

k
s(k) = logei + Alogpy — fng,  (2)
i=1

where ¢; is the confidence of the committed token
at transcript position 4, pr, = P(k | v) is the proba-
bility assigned to length k by the length predictor,
ny is the number of denoising iterations required
to complete the candidate of length k, and A and
[ are balancing weights. We refer to the three
terms as the sequence confidence score, length-
prediction score, and iteration penalty, respectively.
The sequence confidence score aggregates the log-
confidence of tokens at the time they are committed
and is used as a sequence-level confidence measure
for candidate comparison. The length-prediction
score favors candidate lengths assigned high prob-
ability by the video-conditioned length predictor.
The iteration penalty penalizes candidates accord-
ing to the number of denoising iterations required
for completion. The final transcript is obtained
from the highest-scoring candidate:

kE* = k). 3
argrlglea’éis( ) (3)
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Encoder

Method Pub. Encoder Decoder Pretraining Iﬁzr:l(‘ig %lj
Data (h)
Fully Supervised
Afouras et al. (2018a) TPAMI’18 Transformer Transformer - 1,519 589
Makino et al. (2019) ASRU’19 BiLSTM RNN-T - 31,000 33.6
Prajwal et al. (2022) CVPR’22 Transformer Transformer - 2,676  30.7
Ma et al. (2023) ICASSP’23 Conformer  Transformer - 3,448 19.1
Serdyuk et al. (2022) Interspeech’22  ViT3D RNN-T - 90,000 17.0
Chang et al. (2024) ICASSP’24 Conformer ~ RNN-T - 100,000 12.8
Self-Supervised
Shi et al. (2022) ICLR’22 AV-HuBERT Transformer 1,759 433 28.6
Zhu et al. (2024) TMM’24 VATLM Transformer 1,759 433 284
Haliassos et al. (2023) ICLR’23 RAVEn Transformer 1,759 433 27.8
Haliassos et al. (2026) ICLR’26 USR 2.0 Transformer 3,305 433 258
LLM-Augmented
Yeo et al. (2024a) EMNLP’24 AV-HuBERT Llama2-7B 1,759 433 254
Cappellazzo et al. (2025) ICASSP’25 AV-HuBERT Llama3-8B 1,759 433 253
Cappellazzo et al. (2026) ICASSP’26 AV-HuBERT Qwen2.5-7B 1,759 433 249
Yuan et al. (2025) ICCV’25 AV-HuBERT Llama3-8B 1,759 433 1220
DLLM-Augmented
Ours - AV-HuBERT Dream-7B 1,759 433 219
Ours - USR 2.0 Dream-7B 3,305 433 194

Table 1: Comparison with state-of-the-art VSR methods on LRS3. T indicates the use of additional video-level
metadata, such as title, description, and speaker name. 1 indicates our reproduction.

4 Experimental Setup

4.1 Datasets

We evaluate on three sentence-level English VSR
benchmarks: LRS3 (Afouras et al., 2018b),
LRS2 (Afouras et al., 2018a), and WildVSR (Dji-
lali et al., 2024). LRS3 is a widely used
TED/TEDx-based VSR benchmark and serves as
our primary dataset. Our LRS3 and WildVSR eval-
uations use models trained for VSR using only the
433-hour LRS3 training set as labeled data. LRS2,
collected from BBC television programs, is used
as a complementary benchmark, with all systems
evaluated on LRS2 trained on its 223-hour training
set. WildVSR is used for out-of-domain evaluation.

4.2 Implementation Details

We use two self-supervised pretrained visual en-
coders, USR 2.0 Huge (Haliassos et al., 2026) and
AV-HuBERT Large (Shi et al., 2022), with Dream-
7B (Ye et al., 2025) as the DLLM decoder. Visual
features are downsampled from 25 to 12.5 fps by
a 1D convolutional length adapter and mapped to
Dream-7B’s 3584-dimensional hidden space by a 2-
layer projector. LoRA is applied to all linear layers
with rank r = 16 and o = 32. Length-guided can-
didate decoding uses a lightweight 2-layer Trans-

former length predictor with roughly 4M trainable
parameters. Detailed architecture-, encoder-, and
dataset-specific optimization settings are provided
in Appendix B. We report word error rate (WER)
to measure recognition accuracy and real-time fac-
tor (RTF) to evaluate decoding efficiency, where
RTF is defined as decoding time divided by video
duration. RTF is measured on 50 test videos with
batch size 1 on a single GPU, following 5 warm-up
samples that are excluded from measurement.

4.3 Inference and Decoding Strategies

To characterize the role of transcript-length infor-
mation at inference, we consider three decoding
strategies. For oracle-length decoding, the ground-
truth sequence length is given, providing an up-
per bound with respect to transcript-length uncer-
tainty. Decoding is performed on a length-matched
canvas that exactly fits the transcript and its ter-
minating EOS token. For implicit-length decod-
ing, the transcript length is unknown, and decod-
ing starts from a fully masked canvas of length
T = 32. The model jointly predicts the transcript
content and length; once an EOS token is com-
mitted, the positions after it are filled with PAD
tokens and excluded from the output, while decod-
ing continues until all remaining masked positions
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Method Decoding Bi-dir. BI?Ck WER (%)|
Attn.  Size
AV-HuBERT USR 2.0
Cappellazzo et al. (2026) AR X 1 249 -
Implicit-length decoding without length guidance
AR L e N 22
v 2 23.8 21.6
v 4 23.5 21.1
S Block
ours o VA 233 207
,,,,,,,, v o 16 232 206
Parallel v 32 23.1 20.5

Table 2: Effect of token commitment order and bidi-
rectional attention on LRS3. Block size denotes the
number of mask tokens in each block; a block size of
32 corresponds to full-parallel decoding over the entire
masked canvas.

are committed. For length-guided candidate decod-
ing, we decode a pool of length hypotheses around
the predicted length. For each hypothesis, tran-
script positions are initialized with mask tokens
and the corresponding EOS position is fixed; for
parallel decoding, shorter candidates are padded
with PAD tokens to the length of the longest can-
didate in the batch. The final transcript is selected
among the candidates within a search radius R of
K preq using the joint score in Eq. 2. Reranking
weights A and (3 are selected on the validation set
by grid search over [0, 1] x [0, 1] with a step size
of 0.1. The selected values are (0.9,0.7) for AV-
HuBERT/LRS3, (0.9, 0.6) for USR 2.0/LRS3, and
(1.0,0.9) for USR 2.0/LRS2. For WildVSR, we
use a canvas length of 7' = 96 to accommodate
longer utterances, while directly using the LRS3-
trained model and length predictor with all other
LRS3-tuned decoding and reranking settings, with-
out adaptation. Unless otherwise specified, main
results are reported with R = 3 (see Sec. 5.7).
Across all decoding strategies, positions with con-
fidence above 0.9 are committed; if none exceeds
the threshold, the most confident position is com-
mitted.

5 Experimental Results

5.1 Comparison with the State-of-the-Art
Methods

Table 1 compares the proposed method with state-
of-the-art VSR methods on LRS3 across fully su-
pervised, self-supervised, and LLM-based settings.
Since our method builds on a self-supervised pre-
trained visual encoder, we first compare it with self-
supervised encoder-based VSR models to assess
the effect of replacing the autoregressive decoder
with our DLLM-based framework. AV-HuBERT

Configuration WER (%)

AV-HuBERT USR 2.0

Stage-1-only training

Oracle-length decoding 219 17.8

Implicit-length decoding 188.0 275.0
After Stage 2 training

Oracle-length decoding (upper bound) 20.2 17.7

Implicit-length decoding (no length guidance) 231 205

Length-guided candidate decoding: reranking terms
Sequence confidence (3 log ¢;) + length prediction (A log px) 22.6 20.2
+ Iteration penalty (—/Snx) 21.9 19.4

Table 3: Ablation of Stage 2 training and reranking
terms in length-guided candidate decoding on LRS3.

with a Transformer decoder reaches 28.6% WER
when trained for VSR using only LRS3 as labeled
data. Coupling the same AV-HuBERT encoder
with an LLM reduces WER; in particular, Cap-
pellazzo et al. (2026) combine AV-HuBERT with
a Qwen2.5-7B LLM decoder and achieve 24.9%
WER. Our AV-HuBERT-based variant is directly
comparable to this baseline, as Dream-7B is ini-
tialized from Qwen2.5-7B and further trained with
masked denoising. Replacing the LLM decoder
with a DLLM decoder further reduces WER from
24.9% to 21.9%.

We further evaluate our method with the USR 2.0
encoder. Since no prior work reports USR 2.0-
based VSR using only LRS3 as labeled training
data, we reproduce it with the encoder frozen, ob-
taining 25.8% WER. Integrating this encoder into
our framework reduces WER from 25.8% to 19.4%.
WER reductions are observed with both visual
encoders, indicating that the effectiveness of the
proposed framework is consistent across encoder
choices. The resulting 19.4% WER approaches the
19.1% WER of Auto-AVSR, which is trained on
3,448 hours of labeled data, while our model uses
433 hours of labeled LRS3 data.

5.2 Effect of Token Commitment Order

Table 2 analyzes the effect of token commitment
order by first isolating bidirectional attention and
then varying the block size. In block-based decod-
ing, token positions within each block are commit-
ted based on confidence, and decoding proceeds
to the next block only after the current block is
fully decoded. Larger blocks therefore allow a
wider range of positions to be committed in a flex-
ible order. Compared with the LLM-based VSR
method (Cappellazzo et al., 2026), our DLLM with
autoregressive decoding reduces WER from 24.9%
to 24.3% under the same left-to-right commitment
order, showing the benefit of bidirectional atten-
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Model / Decoding WER (%) RTF|
Autoregressive baselines
Transformer decoder (greedy) 24.7 0.09
Qwen2.5-7B AR (greedy) 21.9 0.27
Qwen2.5-7B AR (beam=5) 20.5 0.34
Proposed method
Oracle-length decoding (upper bound) 14.7 0.12
Implicit-length decoding (no length guidance) 177 0.14
Length-guided candidate decoding 16.8 0.86

Table 4: WER and decoding efficiency on LRS2. All
models are trained and evaluated on LRS2 using the
USR 2.0 visual encoder.

tion. Performance consistently improves as the
block size increases from 2 to 32, reducing WER
from 23.8% to 23.1% with AV-HuBERT and from
21.6% to 20.5% with USR 2.0; full-parallel decod-
ing performs best.

5.3 Ablation Study

Table 3 analyzes the effect of Stage 2 training and
the contribution of the reranking terms used in
length-guided candidate decoding on LRS3. We
first examine the role of Stage 2 by evaluating a
Stage-1-only model. Under oracle-length decod-
ing, the Stage-1-only model achieves 21.9% WER
with AV-HuBERT and 17.8% with USR 2.0. Un-
der implicit-length decoding, its WER is 188.0%
and 275.0%, respectively. After Stage 2 train-
ing, WER under the same implicit-length decod-
ing setting is 23.1% with AV-HuUBERT and 20.5%
with USR 2.0. Oracle-length decoding achieves
20.2% and 17.7% WER, respectively, compared
with 23.1% and 20.5% under implicit-length de-
coding. This gap represents the performance loss
when transcript length must be inferred rather than
provided. We then evaluate how the reranking
terms in length-guided candidate decoding miti-
gate this gap. Using the sequence confidence and
length-prediction scores in Eq. 2 reduces WER
from 23.1% to 22.6% with AV-HuBERT and from
20.5% to 20.2% with USR 2.0. Adding the iter-
ation penalty further reduces WER to 21.9% and
19.4%, respectively.

5.4 Effectiveness Across Datasets

To verify that the effectiveness of the proposed
method is not specific to LRS3, we further evalu-
ate it on LRS2. The Transformer decoder obtains
24.7% WER with an RTF of 0.09. Replacing it
with a Qwen2.5-7B LLM decoder reduces WER
to 21.9% with greedy decoding and 20.5% with

WER (%)|

Method [ S
LRS3 WildVSR

Encoder Decoder

AV-HuBERT (Shi et al., 2022) AV-HuBERT Transformer 28.6 51.7
VSP-LLM (Yeo et al., 2024a) AV-HuBERT Llama2-7B  25.4 51.6

Ours AV-HuBERT Dream-7B 21.9 46.1
USR 2.0 19.4 39.9

Table 5: Out-of-domain generalization from LRS3 to
WildVSR. The proposed method uses the LRS3-trained
model and length predictor with 7" = 96 and all other
LRS3-tuned decoding and reranking hyperparameters
unchanged. WildVSR results for Shi et al. (2022) and
Yeo et al. (2024a) are reported by Jain and Harte (2026).

Encoder Test Set Acc@0 Acc@1 Acc@3 Acc@5

AV-HUBERT LBS3 43.68 88.04 99.39 100.00
WildVSR 1878  50.11 84.58  95.09

USR 2.0 LRSS 44.21 87.59 99.32  99.92
WildVSR 1896  51.89 8490 9597

Table 6: Length prediction accuracy (%) across LRS3
and WildVSR using length predictors trained only on
LRS3. Acc@Fk denotes the proportion of test samples
whose ground-truth length falls within +% tokens of the
predicted length.

beam search, with RTFs of 0.27 and 0.34, respec-
tively. Using the proposed method, oracle-length
decoding achieves 14.7% WER with an RTF of
0.12, while implicit-length decoding obtains 17.7%
WER with an RTF of 0.14. Length-guided candi-
date decoding further reduces WER to 16.8% with
an RTF of 0.86. Consistent with the results on
LRS3, the proposed method achieves lower WER
than the autoregressive baselines on LRS2.

5.5 Out-of-Domain Generalization to
WildVSR

To examine out-of-domain generalization, we
compare the proposed method with AV-HuBERT
and VSP-LLM on WildVSR. Compared with AV-
HuBERT, VSP-LLM reduces WER from 28.6%
to 25.4% on LRS3, while the WER on WildVSR
changes only from 51.7% to 51.6%. Using the
same AV-HuBERT encoder, the proposed method
achieves 21.9% WER on LRS3 and 46.1% on Wild-
VSR. Unlike the LLM-based baseline, the improve-
ment observed on LRS3 is also observed on Wild-
VSR. With the USR 2.0 encoder, WER is further
reduced to 19.4% on LRS3 and 39.9% on Wild-
VSR. Overall, the proposed method achieves lower
WER on both LRS3 and WildVSR across the two
visual encoders.
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WER (%)) RTF|

R #Cand.

Step / Type Generated transcript

AV-HuBERT USR 2.0 AV-HuBERT USR 2.0

Implicit-length decoding (no length guidance)

- 1 23.1 20.5 0.14 0.14
Length-guided candidate decoding

1 3 22.6 20.3 0.31 0.29

2 5 22.1 19.7 0.60 0.55

3 7 21.9 19.4 0.91 0.87

5 11 21.9 19.5 1.59 1.51

Table 7: Accuracy—efficiency trade-off with varying
candidate-length search radius R on LRS3. We use
R = 3 as the default setting.

5.6 Length Prediction Accuracy Across
Datasets

To further analyze the out-of-domain results on
WildVSR, Table 6 evaluates the length predictor,
trained only on LRS3, on both LRS3 and Wild-
VSR. On LRS3, Acc@0 is around 44%, Acc@1
around 88%, and Acc@3 above 99% for both en-
coders. On WildVSR, Acc@0 decreases to around
19% and Acc@1 to around 50-52%. However,
the ground-truth length remains within £3 tokens
of the prediction for about 85% of samples and
within 45 tokens for about 95-96%. With the
default search radius of R = 3, the ground-truth
length is therefore included in the candidate range
for about 85% of WildVSR samples, supporting
length-guided candidate decoding under the out-of-
domain setting.

5.7 Effect of Candidate-Length Search Radius

Table 7 analyzes the accuracy—efficiency trade-
off of length-guided candidate decoding as the
candidate-length search radius R varies. For this
analysis, we decode the K\,oq &= 5 candidate pool
once and restrict the candidate set during reranking
for each R; the reported RTF corresponds to decod-
ing only the candidates within the respective radius.
Increasing R from 1 to 3 reduces WER from 20.3%
to 19.4% with USR 2.0 and from 22.6% to 21.9%
with AV-HuBERT, while increasing RTF. Increas-
ing R further to 5 does not improve WER and
incurs additional decoding cost. We therefore use
R = 3 as the default setting.

5.8 Qualitative Analysis

Table 8 shows qualitative success and failure cases.
In the success case, left-to-right decoding commits
the erroneous prefix sage vision, whereas full-
parallel decoding first reveals reliable later context

Success case: different generation orders
Strict left-to-right order

Step 2 sage vision

Step 6 sage vision is one of

Step 11 sage vision is one of the greatest and
most effective

Step 16 sage vision is one of the greatest
and most effective forms of political
writing

Full-parallel order

Stepl  _ _ _ _ _ __ and _ _ _ _ _ _

Step 2 _ is one of the greatest and most
effective forms of political writing

Step 3 fiction is one of the greatest
and most effective forms of political
writing

Step 4 science fiction is one of the greatest

and most effective forms of political
writing

Failure cases

Case 1 GT: harvest contaminated tobacco
Pred: harvested contaminated tobacco
(harvest — harvested)

Case 2 GT: and remember we had experience with
this
Pred: and i remembered we had
experience with this (remember —
remembered)

Table 8: Qualitative comparison of token commitment
orders with representative success and failure cases.

and recovers science fiction. This shows that
flexible-order decoding can provide useful seman-
tic constraints for ambiguous positions. The failure
cases show that errors can remain when ground-
truth and predicted phrases are both fluent and visu-
ally plausible, such as harvest versus harvested
or remember versus remembered.

6 Conclusion

We presented DLLM-VSR, a diffusion large lan-
guage model-based framework that revisits token
commitment order for visual speech recognition.
By replacing left-to-right autoregressive decoding
with flexible-order masked denoising, the frame-
work allows confident tokens to serve as contextual
anchors for resolving visually ambiguous positions.
We further introduced two-stage masked-denoising
training and length-guided candidate decoding to
address fixed-canvas training and length uncer-
tainty. Experiments on LRS3 and LRS2 demon-
strate consistent improvements over autoregressive
baselines, while evaluation on WildVSR shows that
these improvements extend to an out-of-domain set-
ting.
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Limitations

We find that controlling token generation order sub-
stantially benefits DLL.M-based VSR, and oracle-
length decoding reveals the upper bound achiev-
able when the transcript length is known. While
our length-guided candidate decoding narrows the
gap to this oracle setting, a gap remains, indicat-
ing that length modeling can be further improved.
Moreover, evaluating multiple length hypotheses
increases inference time, so reducing the computa-
tional overhead of length-guided candidate decod-
ing is an important direction for future work. Our
evaluation is limited to English benchmarks span-
ning curated and in-the-wild settings; robustness to
more heterogeneous visual conditions and potential
performance disparities across demographic and
speaker-specific factors have not been evaluated at
the subgroup level and remain open questions.

Ethical Considerations

VSR systems can improve accessibility for deaf and
hard-of-hearing users and enable silent communi-
cation, but they may raise privacy concerns because
spoken content could be inferred from silent videos
without speaker consent. Such systems should
therefore be used only with appropriate consent and
safeguards. We use existing datasets and pretrained
models only for VSR research. Given potential
performance disparities across speakers and demo-
graphic groups, we do not recommend deployment
in high-stakes settings without careful validation
and human oversight.
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WER (%).
LRS3 LRS2 WildVSR

Tuned on A\ B)

Implicit-length decoding (no length guidance)
- - 20.5 17.7 42.6

Length-guided candidate decoding: reranking weights

LRS3 (0.9,0.6) 19.4 171 39.9

LRS2 (1.0,0.9) 19.5 16.8 40.0
WildVSR tuning (held-out analysis)

WildVSRT  (0.62,0.32) - - 40.0 £0.1

Table 9: Cross-dataset robustness of reranking weights
using USR 2.0 with R = 3. Since WildVSR has no
validation set, T indicates that the weights are tuned on
a held-out 10% subset, and each tuned pair is evaluated
on the full test set; mean =+ std over five random splits.

A Additional Experiments

A.1 Cross-Dataset Robustness of Reranking
Weights

To examine the robustness of the reranking weights
(A, B) across datasets, Table 9 uses implicit-length
decoding without length guidance as a reference.
Applying the LRS3-tuned weights directly to LRS2
and WildVSR reduces WER from 17.7% to 17.1%
and from 42.6% to 39.9%, respectively. Similarly,
applying the LRS2-tuned weights to LRS3 and
WildVSR reduces WER from 20.5% to 19.5% and
from 42.6% to 40.0%, respectively. To further ex-
amine whether tuning directly on WildVSR pro-
vides additional benefit, we conduct a held-out
analysis because WildVSR does not provide a val-
idation set. We tune the weights on a randomly
held-out 10% subset, and evaluate each tuned pair
on the full test set, obtaining 40.0% WER with a
standard deviation of 0.1 over five random splits.
This result is comparable to the 39.9% and 40.0%
WER obtained using the LRS3- and LRS2-tuned
weights, indicating that the reranking weights re-
main effective without dataset-specific tuning.

A.2 Behavior under Low-Confidence
Conditions

To examine how DLLM-VSR behaves when visual
evidence does not support confident token commit-
ment, we analyze decoding behavior under low-
confidence conditions. Specifically, we consider
cases where confidence remains low across the se-
quence. We first compute an utterance-level mean
commit confidence by averaging the confidence of
each transcript token at the step when it is commit-
ted. This confidence measure is negatively corre-

lated with WER, with Pearson » = —0.73 on LRS3
and —0.81 on WildVSR, indicating that utterances
with lower commit confidence tend to have higher
recognition error. We further compare DLLM-
VSR with an LLM-based VSR baseline (Cappel-
lazzo et al., 2025) on the low-confidence subset,
defined as utterances with mean commit confi-
dence below 0.5. On LRS3, this subset contains
29 utterances (2.2%), where DLLM-VSR obtains
90.1% WER compared with 119.8% for the base-
line. On WildVSR, the subset contains 158 utter-
ances (5.5%), with WERs of 87.6% and 161.0%,
respectively. In these subsets, 38% of the baseline
outputs exceed 100% WER due to repetitive hallu-
cinations, compared with 3-9% for DLLM-VSR.
The fixed-length canvas constrains the maximum
output length, limiting such repetitive generation
under low-confidence conditions. We also examine
the prevalence of low-confidence cases. On LRS3,
utterances for which more than 80% of tokens have
confidence below 0.5 account for only 0.5% of the
test set. Low-confidence cases are more frequent
among short utterances, with a rate of 16.1% for
utterances of four words or fewer compared with
7.4% for longer utterances.

A.3 Reranking Weight Selection

We analyze the selection of the balancing weights
A and S in the joint reranking score. Recall that A
controls the contribution of the length-prediction
score, while 3 controls the iteration penalty. We se-
lect (A, B) by grid search over [0, 1] x [0, 1] with a
step size of 0.1 on the validation set. Tables 10-12
report the full validation grids for the three evalu-
ated settings. The selected values are (0.9,0.7) for
AV-HuBERT/LRS3, (0.9, 0.6) for USR 2.0/LRS3,
and (1.0, 0.9) for USR 2.0/LRS2, yielding valida-
tion WERs of 11.73%, 16.04%, and 22.83%, re-
spectively. Across the three settings, the selected
values fall within A € [0.9,1.0] and 3 € [0.6,0.9].

B Implementation Details

Data statistics. In our processed datasets, the
LRS3 training set (433 hours) consists of 164,916
utterances, of which 998 are held out as a validation
set for tuning the reranking weights. The LRS3 test
set contains 1,321 utterances. The LRS2 training
set (223 hours) consists of 148,287 utterances, with
1,082 and 1,243 utterances used for validation and
testing, respectively. WildVSR is used exclusively
for evaluation and contains 2,854 test utterances.

41608



LRS3 AV-HuBERT validation set

A\B 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

0.0 1576 1524 1524 1553 1578 1578 1591 16.06 16.26 16.45 16.55
0.1 13.28 13.30 13.34 13.72 13.94 1433 14.63 14.80 15.03 15.09 15.18
02 12.63 1245 1274 12.84 13.13 1348 13.64 13.92 14.05 14.16 14.42
03 1238 12.16 1222 1237 1265 1271 1291 13.21 1332 13.54 13.64
04 1238 11.96 12.02 12.12 1229 1239 12.60 12.78 12.86 13.02 13.15
05 1238 11.92 11.93 11.99 12.02 12.15 12.24 1239 12.67 12.77 12.80
0.6 1250 12.06 11.94 1191 11.93 11.92 12.04 12.13 12.27 12.53 12.65
0.7 1249 12.02 11.84 11.80 11.84 11.83 11.91 11.90 11.96 12.13 12.35
0.8 1250 12.08 11.88 11.85 11.78 11.74 11.77 11.78 11.81 11.94 12.12
09 1256 12.17 11.89 11.87 11.79 11.76 11.77 1173 11.77 11.82 11.95
1.0 12.64 1230 12.06 11.92 11.80 11.77 11.78 11.77 11.85 11.82 11.91

Table 10: Validation WER (%) of length-guided reranking weights on LRS3 with AV-HuBERT. The best setting is

(A, B) = (0.9,0.7), with a validation WER of 11.73%.

LRS3 USR 2.0 validation set

A\B8 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

0.0 19.57 1924 19.63 19.87 19.96 20.38 20.85 21.01 21.16 21.31 21.55
0.1 1723 1686 1695 1743 1792 18.16 1848 18.79 19.16 19.27 19.57
02 1692 1651 16.60 16.63 17.01 17.24 17.73 17.86 18.18 18.37 18.55
03 1676 1652 16.48 16.52 16.63 16.61 1695 17.40 17.62 17.90 18.08
04 1685 1634 1627 1629 16.41 16.44 16.61 16.73 17.16 17.40 17.57
05 1697 1641 16.09 1620 16.18 1633 1639 16.48 16.62 1695 17.24
0.6 17.06 1647 1624 16.17 16.16 16.19 1627 16.34 16.45 16.55 16.71
0.7 1722 16.63 1630 16.17 16.14 16.12 16.19 16.28 16.29 16.36 16.53
0.8 1731 16.70 16.42 16.15 16.11 16.15 16.18 16.22 1629 1628 16.40
09 1746 16.76 16.55 16.17 16.11 16.08 16.04 16.20 16.28 16.39 16.38
1.0 1743 1694 1655 1620 16.11 16.11 16.05 16.09 16.32 16.32 16.37

Table 11: Validation WER (%) of length-guided reranking weights on LRS3

(A, B) = (0.9,0.6), with a validation WER of 16.04%.

with USR 2.0. The best setting is

LRS2 USR 2.0 validation set

A\B 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

0.0 3029 30.64 31.49 3223 3335 33.89 34.67 3542 35.65 3595 36.12
0.1 2480 2478 25.65 2651 26.89 27.97 28.68 29.24 30.42 3098 31.63
02 2403 23.62 23.84 2433 2475 2521 2573 2643 27.19 27.98 28.57
03 2375 2335 23.19 23.46 23.74 2385 24.40 2490 25.17 25.64 26.28
0.4 2389 2344 23.15 23.16 23.21 2333 23.53 23.96 24.40 24.50 24.89
0.5 2398 2342 2329 23.16 2320 23.09 23.12 23.46 23.66 23.98 24.13
0.6 2390 2349 2324 23.07 23.07 23.06 23.07 23.15 2321 2340 23.71
0.7 2390 23.61 2335 2324 23.07 2296 23.01 23.05 23.10 23.09 23.20
0.8 2399 2358 2334 23.19 2320 2293 22.85 2296 23.02 2292 2296
09 2408 23.66 23.47 2324 23.18 23.09 23.00 2297 22.87 2292 22.87
1.0 24.15 23776 23.54 2337 23.18 23.15 23.01 2298 22.88 22.83 2291

Table 12: Validation WER (%) of length-guided reranking weights on LRS2 with USR 2.0. The best setting is

(A, B) = (1.0,0.9), with a validation WER of 22.83%.

Pre-processing. We follow the standard VSR pre-
processing protocol for LRS3 and LRS2. Video
inputs are converted to greyscale mouth ROIs of
size 88 x 88, using random cropping during train-
ing and center cropping during evaluation. Frames
are sampled at 25 fps and normalized with mean
0.421 and standard deviation 0.165. During train-
ing, we apply temporal masking with a window of
10 frames and stride of 25 frames.

Tokenization. Dream-7B and Qwen2.5-based ex-
periments use the 152K Qwen?2 tokenizer, with
<|im_end|> as EOS and <|image_pad|> as PAD.
Inputs are formatted with the standard Hugging

Face apply_chat_template using one user turn
with the instruction: “You are given a silent video
of a speaker. Infer the spoken content from the lip
movements and generate the corresponding tran-
scription.”

Architecture. The frozen visual encoder is either
USR 2.0 Huge (32 layers, hidden size 1280) or
AV-HuBERT Large (24 layers, hidden size 1024).
Visual features are passed through a 1D convolu-
tional length adapter with kernel size 2 and stride
2, followed by a two-layer projector consisting of
LayerNorm-Linear—GELU-Linear. The projector
uses a hidden dimension of | (denc +3584)/2] and
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Component Setting

USR 2.0 Huge / AV-HuBERT, frozen

Visual encoder

Length adapter Convld, kernel size 2, stride 2

Projector 2-layer MLP to 3584-dim LLM space
LLM decoder Dream-7B, frozen

LoRA r = 16, a = 32, dropout 0.05, all linear

layers

Canvas length T = 32 (T = 96 for WildVSR)

Block size 32
Commit threshold 0.9
Candidate pool Kprea £ 5 (selection radius R = 3)

Table 13: Main implementation settings for DLLM-
VSR.

Component Peak VRAM /GPU Steps Wall-clock
Stage-1 training 22.6 GB 42,000 242 h
Stage-2 training 22.5GB 4,000 24h
Length predictor 10.5 GB 18,000 42h
Inference (R = 3) 20.2 GB - RTF 0.87

Table 14: Measured computational cost of the full
USR 2.0 pipeline. Training wall-clock times are on 8 x
RTX 3090 (24GB) with DeepSpeed ZeRO-2 and bf16
mixed precision; inference runs on a single RTX 3090.
The complete pipeline takes approximately 31 hours
(about 245 GPU-hours).

maps the visual features to the 3584-dimensional
DLLM hidden space. The base parameters of
Dream-7B are frozen, while LoRA is applied to
all linear layers with rank r = 16, o = 32, and
dropout 0.05. The total number of trainable param-
eters is 61.1M with USR 2.0, comprising 40.4M
LoRA, 17.4M projector, and 3.3M length adapter
parameters, and 53.1M with AV-HuBERT.
Training. Both stages use AdamW with 5; = 0.9,
B2 = 0.999, weight decay 0.01, and gradient clip-
ping with maximum norm 1.0. Training uses bf16
mixed precision, DeepSpeed ZeRO-2 on 8 RTX
3090 GPUs, and dynamic batching with a maxi-
mum batch size of 32. Stage 1 is trained for 42K
steps with a learning rate of le—4, and Stage 2 is
fine-tuned from Stage 1 for 4K steps with a learn-
ing rate of 5e—5. We use a cosine scheduler with a
minimum learning-rate scale of 0.1. Due to com-
putational cost, each configuration is trained once,
and all reported WER results are from a single run
unless otherwise stated.

Length predictor. The length predictor uses the
same frozen visual encoder as the main model. It
consists of a two-layer Transformer encoder with
hidden dimension 384, 6 attention heads, feed-
forward dimension 1536, and dropout 0.1. A learn-

able [LEN] token is prepended to the visual feature
sequence, and its output is classified over candidate
transcript lengths. The predictor has approximately
4M trainable parameters and is trained indepen-
dently with cross-entropy loss on the target tran-
script length for 18K/5K steps with USR 2.0/AV-
HuBERT on LRS3 and 20K steps on LRS2.
Decoding and reranking. At inference, we use
a fixed canvas length of T' = 32 (I'" = 96 for
WildVSR) and a block size of 32. We decode the
candidate pool within Kpeq & 5, resulting in up
to 11 candidates; all candidates are batched and
decoded in parallel. During denoising, positions
whose confidence exceeds 0.9 are committed; if no
position exceeds the threshold, the most confident
position is committed. The final transcript is se-
lected among candidates within radius R = 3 of
Kpreq using the joint reranking score in Eq. 2; the
search-radius analysis in Sec. 5.7 varies only this
selection radius. Reranking weights (\, ) are se-
lected by grid search over [0, 1] x [0, 1] with a step
size of 0.1 on the validation set. The selected values
are (0.9, 0.7) for AV-HUBERT/LRS3, (0.9, 0.6) for
USR 2.0/LRS3, and (1.0,0.9) for USR 2.0/LRS2.
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